Abstract: Arguably a cornerstone of credit risk modelling is the probability of default. This article aims is to search for the evidence of relationship between loan characteristics and probability of default on peer-to-peer (P2P) market. In line with that, two loan characteristics are analysed: 1) loan term length and 2) loan purpose. The analysis is conducted using survival analysis approach within the vintage framework. Firstly, 12 months probability of default through the cycle is used to compare riskiness of analysed loan characteristics. Secondly, log-rank test is employed in order to compare complete survival period of cohorts. Findings of the paper suggest that there is clear evidence of relationship between analysed loan characteristics and probability of default. Longer term loans are more risky than the shorter term ones and the least risky loans are those used for credit card payoff.
Introduction
P2P is a type of financing that involves the facilitation of loan originations outside the traditional consumer banking system by connecting borrowers directly with investors, through an Internet platform. This type of lending assumes individuals lending money to other individuals without a banking intermediary. With P2P lending, applicants submit an application to the lending service. The lending service then decides if they will offer a loan and under what terms and conditions, which include interest rate, loan length and payment schedule. On other side, individual investors can manually pick which loan to invest in and how much money they will invest or they can use automated procedure based on investor defined criteria to build up a portfolio. Once the full amount for a loan is raised, the loan is fully funded and the borrower will receive their money less an origination (service) fee.
The history of P2P in finance can be traced back to the launch of two companies, the UK-based Zopa in 2005 and the US-based Prosper in 2006. Since then, P2P lending has developed rapidly, especially in the USA and the UK. Still, P2P lending represents a small fraction, less than 1%, of the stock of bank lending. In the UK -but not elsewhere -it is an important source of loans for smaller companies. Milne and Parboteeah (2016) argue that P2P lending is fundamentally complementary to, and not competitive with, conventional banking. Therefore, they expect banks to adapt to the emergence of P2P lending, either by cooperating closely with third-party P2P lending platforms or offering their own proprietary platforms.
Overall, many studies conclude that P2P lending is more risky than traditional banking. However, it is important to recognize that a constant conclusion would be misleading. P2P platforms have evolved and changed their appearance markedly over time, which implies that although final conclusion of increased riskiness through P2P markets remains valid over time, it is based on different arguments at different points in time (Käfer, 2016) .
Loans channelled via P2P platforms involve higher interest rates than loans channelled via the traditional banking sector. When adjusted for risk, the interest rates are comparable. Moreover, analysis of the different segments of the bank credit market and P2P lending shows that, after having controlled for interest rate and risk differences, the bank lending volumes are negatively correlated with the P2P lending volumes. De Roure's et al. (2016) finding suggests that high-risk borrowers substitute bank loans for P2P loans since banks are unwilling or unable to supply this slice of the market.
Comparative study of online P2P lending practices in the USA and China was conducted by Chen and Han (2012) . They found that two categories of credit information, "hard" and "soft" information, may have profound influences on lending outcomes in both countries, but lenders in China rely more on "soft" information. "Hard credit information" refers to the credit information that can be Estimating Probability of Default on Peer to Peer Market -Survival Analysis Approach accurately quantified, easily stored and efficiently transmitted. In the P2P lending context, hard credit information includes a credit profile of a borrower, such as a borrower's debt-to-income ratio, credit ratings, the number of credit inquiries made in the past, and the number of credit cards held by the borrower. In contrary to "hard credit information", such as credit scores or the financial condition of the borrower, "soft credit information" refers to information about borrowers that is fuzzy and hard to quantify. In P2P lending, soft credit information may be obtained from social networks of borrowers.
The same phenomena is studied by Duarte et al. (2012) who find that borrowers who appear more trustworthy have higher probabilities of obtaining a loan and pay lower interest rates than borrowers who appear less trustworthy. They also find that borrowers who appear more trustworthy indeed have better credit scores and lower default rates than those less trustworthy.
These results show that soft information sources possess at least as much significance about the borrower on the P2P lending markets as financial data. Those findings play an important role in lending outcome, but also mirror to investor's credit risk.
Using a sample of 11,752 loans from the Prosper P2P lending marketplace, Golubnicijs (2012) employs a 5-stage methodology in order to analyse and compare the attractiveness of the P2P lending market with traditional investment alternatives in terms of risk remuneration. Results present the evidence of high potential of P2P lending market as an investment alternative to the stock market, assuming maximum diversification opportunities and lender's efficiency in interest rate setting. Also, he arrives to the conclusion that, at its current level of development, the P2P loan market offers attractive investment risk remuneration particularly for lenders with longer investment horizon or with lower financial literacy.
Atz and Bholat (2016) provided the first map of the UK P2P lending market in 2013, showing asymmetry between area of borrowing and lending on P2P market. Secondly, they put stress on subjective factors, notably the motives animating lenders, borrowers and P2P operators creating this new market. For investors, main motivation is pecuniary, but also control over where the invested money will go as well as supporting alternative to the big banks. On the other side, interest rate is the major motivation for the borrowers participating in the market. Finally, they flesh out the implications of P2P lending for the conventional banking sector. Here they mark unsecured personal loans (reduced rates) and necessary shift of distributional channel as product and business strategies are most likely to be impacted. P2P investors suffer a severe problem of information asymmetry because they are at a disadvantage facing the borrower. For this reason, P2P lending sites provide potential lenders with information about borrowers and their loan purpose. P2P lending is a risky activity for individual investors because the loans are granted by them instead of P2P companies, which transfer the credit risk. Credit risk is the dominant source of risk for traditional banks but also for investors in P2P market. It is commonly defined as the loss resulting from failure of obligors to honour their payments. Arguably a cornerstone of credit risk modelling is the probability of default. Therefore, understanding and modelling probability of default play a key role in financial markets.
Estimating default probabilities could be challenging mainly due to limitations on data availability. Fortunately, in last decades number of models for modelling probability of default have been developed which allow us to overcome these limitations.
In this study we focus on modelling the probability of default using survival analysis techniques. In order to write the probability of default in terms of the conditional distribution function of the time to default, non-parametric approach is used. The main objective of this research is to use the survival model to generate probabilities of default at various points in time and to compare probability of default for different loan characteristics.
The idea of using survival analysis techniques for constructing credit risk models is not new. It started with the paper by Narain (1992) Malik and Thomas (2006) . A common feature of all these papers is that they use parametric or semi-parametric regression techniques for modelling the time to default (duration models), including exponential models, Weibull models and Cox's proportional hazards models, which are very common in this literature. The model established for the time to default is then used for modelling probability of default or constructing the scoring discriminant function.
Serrano-Cinca et al. (2015) study P2P lending and factors explaining loan default using the survival analysis and the logistic regression model. Their study results show that there is a clear relationship between the grade assigned by Lending Club and the probability of default. The interest rate assigned depends on the grade assigned and the higher the interest rate, the higher the default probability is. Loan purpose is also a factor explaining default: wedding is the less risky loan purpose and small business is the riskiest. Borrower characteristics, such as an-nual income, current housing situation, credit history, and borrower indebtedness are relevant variables. No statistically significant differences are found in loan amount or length of employment.
To the best of our knowledge, this is the first study explaining defaults in Lending Club platform, using a database large enough to monitor the credit risk development over years.
Until recently, this was not possible due to data availability on the loan status. Our results show that, changes, in methodology used to connect investors and borrowers, influence level of credit risk and provide more possibilities to investors to distinguish between less and more risky loans. Both analyzed loan characteristics, term length and loan purpose, have a significant relationship with default within the analysed data.
The remainder of the paper is organized as follows. Section 2 presents Lending Club portfolio description and its development over years. Section 3 gives empirical results, followed by conclusions.
Portfolio description
In this article, we analyse complete loan data 1 The increasing trend of loans issued from year to year is easily noticeable, ranging from minimum 4.97 million in 2007 to 6.41 billion in 2015. Approved amount is in range of 500 to 35,000 of dollars and it is stable over the years.
Term length and loan purpose present an important factor in the process of loan approval, thus further analysis will be based on different groups regarding these characteristics. The next figure, Figure 2 , presents the histogram of approved amount per different term length and loan purpose groups. 
Regarding the loan structure, two term lengths are available: 36 and 60 months. Longer term loans started being approved from 2010, with the share of 40.79% in the amount and 30.00% in the number of issued loans. Descriptive statistics registered mean value of issued loans of 12,481 and 20,059 of U.S. dollars for 36 and 60 months terms, respectively. Based on their share in total portfolio, loan purposes can be divided in three categories: 1) credit card pay off, 2) refinancing and 3) other loans. The group "other" contains loans classified as loans for buying cars, small business, and home improvement. The main share in the issued portfolio was of loans used for refinancing, with the share of 61.77% in the amount and 59.07% in the number of issued loans. Credit card payoff loans accounted for 24.15% and 23.23% in the issued amount and the number, respectively, while the share of loans for other purposes was 14.07% and 17.69%. An average issued amount for loan purpose categories range from 15,400 (Refinancing and Credit Card Payoff) to 11,740 (Other) U.S. dollars. Table 1 and Table 2 (see Appendix) present yearly portfolio development of issued loans based on analyzed characteristics. In the past four years, longer term loans recorded an increasing trend in the share of all issued amounts starting from 29.32% in 2012 to 43.49% in 2015. On the other hand, the share of loans regarding loan purpose was stable over years, keeping the same structure as for the complete analyzed period.
Methodology
Following the vintage framework, cohorts (pools) are formed based on the origination date. Further segmentation is done by term length and loan purpose, separately. In total we have 103 cohorts 3 for each segment -term length and loan purpose. For all the cohorts, probability of default is calculated using the survival analysis approach.
Usually, there are four different ways of presenting probability function in the survival analysis (Buis, 2006) . First one is the probability function which gives the probability that an observed subject will survive past time t:
Its complementary function, cumulative probability function, gives probability that the observed subject will not survive past time t:
The third way is the probability density function. This function gives the probability for every point of time that the event will occur at that point of time:
Probability density function does not take into account that event for observed subject occur and the subject is no longer at risk. Hazard function takes care of this omission and presents instantaneous rate of event occurring at time t given the probability that the subject survived until that time: (4) In this study, cumulative density function is used to present the probability of default for different points of time. Before estimating the probability of default, time of default is defined by using the known variables. For all loans with given time of default in payment history data, exact time is used while for loans with missing default time (887 loans) and no recovery amount, time of default is defined using the following formula:
Time of default = last payment date + 31 days (payment due date) + 121 days (default point) 4 For loans with missing default time and recovery amount greater than zero (36 loans), time of default is defined as follows:
Time of default = [(total payments-recoveries)/instalment]*31 + 31 days (payment due date) + 121 days (default point)
An important feature of the survival analysis is that it can deal with censoring and truncation. Censored observation is the subject for whom the event of interest does not occur during the follow-up period. We should distinguish between terms censoring and truncation even though the two events are handled the same way analytically (Stevenson, 2009) . A truncation period means that the outcome of interest cannot possibly occur. There are two types of censoring and truncation: 1) right and 2) left. Subject is right/left censored if it known that the event of interest occurs sometime after/before the recorded follow-up period. Subject is left truncated if it enters the population at risk at some stage after the start of Estimating Probability of Default on Peer to Peer Market -Survival Analysis Approach the follow-up period while it is right truncated if it leaves population at risk at some stage after the study start. A common type of censoring and truncation in risk environment is right due to prepayments, refinancing, call options, etc. also called exits (Xu, 2016) . Analysed loans are characterized by high right censoring/ truncation rates. Censoring/truncation time is presented by last payment dates.
A number of methods are available to model survival time. Methods include non-parametric, parametric and semi-parametric approaches. Estimating the probabilities without making any assumption on its shape is called non-parametric analysis. There are three non-parametric methods for the estimation of survival probability: Kaplan-Meier, Nelson-Aalen, and life table method. In parametric survival analysis all parts (baseline function and influence of covariates) of the model are specified. The most used underlying distributions are gamma, exponential, Weibull, log-normal. Parametric models are usually used in circumstances where prediction is the object of the exercise. Semi-parametric model presents intermediate technique whereby only assumption is made only about the way how covariate influences the risk of survival. Semi-parametric model is also called Cox-regression. In order to estimate probability of default we employed the Kaplan-Meier method (product-limit estimator). It is based on individual survival times and assumes that censoring/truncation is independent of survival times. At any point of time we have two groups: numbers of events occurred d(t i ) and the population at risk r(t i ). Then, survival function is:
| Following the aim of the paper, comparison of probability of default for different cohorts is performed by using log-rank test. The test compares estimates of hazard function of the groups at each observed event time. It is constructed by computing the observed and expected number of events in one of the groups at each observed event time and then adding these to obtain an overall summary across all-time points where there is an event:
This test statistic is approximately distributed as a chi-square random variable with one degree of freedom.
The cumulative density function is calculated using obtained survival probabilities. Then, taking the simple mean of all cumulative densities, for each cohort and for n periods after origination date, we obtain the so-called probability of default through the cycle (PD TTC). PD TTC is used to compare average probability of default between analysed segments for certain point of time, while log-rank test compares complete survival period.
To compare difference between segment's PD TTC t-test and ANOVA are employed. Two-sample t-test formula is as follows:
where and represent mean return, S 1 and S 2 standard deviation of samples, and n 1 and n 2 are the number of observations in samples.
Total variability of an observed variable can be divided into factorial and residual sum of squares. ANOVA assumes comparison of factorial and residual sum of squares offering a general evaluation of group mean differences. Factorial variance is given by:
where V f stands for factorial variance, n i number of observation in i-th group, is mean return in i-th group, overall mean return, and r number of groups, while where V r residual variance, X ij present j-th value of returns in i-th group, and mean return in i-th group and n is number observations in each groups. Ratio of those two variances follow F-distribution with r -1 i n*r -r degrees of freedom:
If ANOVA shows statistically significant results, then we use Tukey's honest significant difference (Tukey's HSD) test for comparing group means. According q(α; k, ν) is the studentized range statistic, k is the number of averages being compared, MSE is the mean squared error from an ANOVA fit for the data based on ν degrees of freedom, and α is the experiment-wise error rate.
Empirical results
Based on PD TTC for 24 months after the origination date, we find statistically significant difference between loans of different term length, as well as for different loan purposes.
The figure 3 presents 95% interval of PD TTC for both term lengths for 24 months after the origination date.
With the widening of the analysing period, the difference between probabilities of default of two term lengths becomes more evident. Starting from the ninth month following the origination date the difference becomes statistically significant, leading to the conclusion that 60-month term loans are more risky than 30-month loans if measured by PD TTC. Twelve-month probability of default for 30-month loans is 5.58%, with 95% confidence interval of the mean of 5.09% -6.06%. The same probability of default for 60-month term loans is 6.98% with 95% confidence interval of the mean of 6.69% -7.27%. Mean difference of 12-month PD TTC for two term lengths, tested by two sample t-tests, is statistically significant with p-value of 2.814e-06. In order to compare survival probabilities for each cohort log-rank test is employed. Figure 4 presents p-value of log-rank test for each cohort.
Longer term loans started to issue from 2010, therefore data for previous cohorts are missing. Only few initial cohorts (2010-2011) show statistically nonsignificant difference in survival probabilities. Starting from 2011, we find statistically significant difference of total survival probability between these two term lengths for almost each cohort, except for loans approved in January 2015.
With regard to loan purpose, same conclusions can be drawn. Twelve months probability of default for refinancing is 6.07% (95% confidence interval 5.54%-6.59%), for credit card payoff it is 4.33% (95% confidence interval 3.89%-4.77%), while for other purposes it is 6.88% (95% confidence interval 6.38%-7.38%). Figure 5 presents 95% confidence interval for PD TTC 24 months after the origination date.
ANOVA test confirmed visual findings that there is at least one pair of mean differences statistically significant from zero with p-value of 3.21e-10, while Tukey's HSD test revealed there is statistically significant difference between credit card payoff PD TTC and two other PD TTC at 5% level of significance. Even if the share of credit card payoff in total issued amount is significantly lower than the financing share, loans approved for this purpose are less risky. Formally, the difference between PD TTC for different loan purpose is confirmed with log-rank test on cohort level. Figure  6 presents results of logrank test for each cohort and per loan purpose.
Unlike term length, logrank tests for loan purpose show statistically significant difference in recent years, starting from middle of 2012. These variations of log-rank test results over the years are closely related to P2P market growth and with Lending Club platform changes. Namely, the increasing number of P2P borrowers and investors caused changes in Lending Club approval process in order to decrease investor's risk tightening credit policy. 
Conclusion
The aim of this paper was to analyse the probability of default, as a cornerstone of credit risk, at the P2P market and to compare loan characteristics from the point of view of investor's risk using the survival analysis in the vintage model framework. P2P platforms change their loans approval methodology and collection, constantly, which have an impact of investor's risk. Increasing trend of the number of participants in the market demands a closer and detailed attention to investment decisions. Based on the number of rejected application, it is obvious that interest in P2P lending exists and a further growth can be expected. However, growing velocity in the following years deserves a closer look. On one side, a vast majority of people are not willing to lend money in an unsecured and uninsured manner in long term without having pronounced opportunities to liquidate their investments. One other side, the appearance of institutional investors as substitutes for private lenders can facilitates growth perspectives even above the previous rates. From the borrowers' perspective, it is less important who provides them with loans. Nevertheless, it is open to debate whether it will ever become as important as the traditional financial system.
Having all this in mind, monitoring and controlling investor's risk is of high importance. Analysis of determinants of default can significantly help investors to identify good and bad loans and diversify their portfolios as much as possible to avoid adverse selection. Here, the probability of default for two loan characteristics: 1) term length and 2) loan purpose, were analysed using all available data from Lending Club P2P platform (loan data and payment history). Firstly, the study shows that there is a clear evidence of relationship between probability of default and analysed loan characteristics. Longer term loans are more risky than shorter term ones, and the least risky loans, regarding the loan purpose, are those for credit card payoff. Secondly, the study reveals evidence that this relationship becomes more evident with P2P market development. For recently issued loans (from 2012 till 2015) difference in the probability of default between analysed segments becomes more evident and that is formally confirmed with log-rank test for all cohorts. To the best to our knowledge, this is the first study analysing defaults at the P2P lending market using the survival approach within vintage framework. Findings of this paper encourage further research in the field of credit risk on P2P lending and the examination of other loan`s and available borrower's characteristics as possible determinants of default.
